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ABSTRACT: 
 
Remote sensing data type, classification technique and class description act together to produce, large differences in the 
classification of landcover. The resulting map will vary in the extent, patchiness and accuracy of classified areas.  Differences in the 
classification of a landcover map are the result inter-relationships between a number of scale dependent factors such as pixel size, 
extent and smoothing filters. Many studies have investigated these factors individually using empirical data and have come to 
conclusions based on their unique case studies without isolating one factor from another. This study holistically investigates the 
different factors to better understand their interactions and relative importance. 
 
The effect of scale dependent factors was tested on presence/absence tree cover maps; a common data layer used in landuse planning 
worldwide. Extent and pixel size were manipulated and a smoothing filter was applied to examine the differences in classification 
outcome. The aim of this project was to examine the relationship between scale dependent factors and landscape pattern as measured 
by total area and landscape metrics. It was found that changes in scale dependent factors affected the level of patchiness however 
total area remained constant. Furthermore the relationships between the factors generally appeared predictable. The study 
demonstrated that production of landcover maps can be subjective and that the final product can, to a large degree; result from the 
classification technique and sensors used. 
 
 
 
1. INTRODUCTION 
1.1 Scale Dependent factors 
Scale dependent factors such as pixel size, study extent and 
smoothing filters affect the classification of landcover. These 
factors are dependent on the remote sensing data, classification 
techniques and class description used. Landcover maps will 
vary in their extent, patchiness and accuracy of classified areas 
based on the inter-relationship these factors. Many studies have 
investigated these factors using empirical data and have come to 
conclusions based on unique case studies investigating one 
factor in isolation (Hsieh et al., 2001). This study holistically 
investigated the different scale dependent factors to better 
understand their interaction and their relative importance. 
 
In most studies data will be collected at the most appropriate 
scale however, for studies using remote sensing data, users are 
limited to specific scales available. The most appropriate scale 
for a study is a function of the environment (its spatial 
arrangement), the kind of information that is to be derived, and 
the classification technique used (Woodcock and Strahler, 
1987).  Numerous combinations of these factors are possible 
and their effects are usually interrelated and scale dependent. 
 
At different spatial scales, landscape composition and 
configuration will change. Unfortunately, knowledge of how 
these spatial patterns change is limited (Wu et al., 2002). 
Variables such as area and spatial pattern will change when 
grain and extents is altered (Wiens, 1989). These variables can 
be used to quantify the degree of change in landscape 
composition and configuration resulting from changing the 
scale dependent factors. 
 
The aim of this project is to investigate the effect of changing 
the spatially dependent factors in the context of vegetation 
extent mapping. It does not set out to solve the problem, rather 
to quantify its nature. The development of an integrated model 
is not new to remote sensing (e.g. Ju et al., 2005; Hsieh et al., 
2001). Many studies have investigated scale dependent factors 
and have come to conclusions based on their scene and site 
specific evidence without considering their interactions (Hsieh 
et al., 2001). This paper aims to give a greater understanding of 
how they interact and to examine their relative importance. 
 
The research objective for this project was to examine the 
relationship between the scale dependent factors and change in 
landscape pattern as measured by total area and landscape 
metrics. Users who base their analyses on a maps 
characterization of landscape pattern need to be aware that 
these patterns are scale dependent.  
 
The interactions were investigated from the users’ perspective 
through examining a number of landscape metrics. These 
metrics were chosen because they were simple and they 
summarised important patch characteristics. They have 
straightforward practical uses such as the measurement of total 
area and mean distance between patches rather than purely 
characterising fragmentation such as the fractal dimension 
index. 
 This study is unusual in that it uses real landscapes with a large 
study area and sample size. Other studies have used simulated 
landscapes (e.g. Li et al., 2005) and many studies which have 
used real landscapes tend to consider a small number of 
landscapes (e.g. De Clerq et al., 2006; Wu et al.,  2002). 
 
1.2 Landcover maps 
This study utilizes the Tree25 presence / absence tree cover data 
set produced for the Department of Sustainability and 
Environment’s (Victoria, Australia) Corporate Geospatial Data 
library (DSE, 2006) (Figure 1). This dataset is typical of woody 
/ non-woody vegetation data layers used around the world in 
land use planning and habitat mapping.  
 
The purpose of this dataset is varied, however, its initial 
purpose was to provide a comprehensive, consistent dataset for 
tree cover monitoring for the state of Victoria (Australia). 
Furthermore it is expected to provide an excellent source of 
data for applications which require the identification of remnant 
tree cover such as connectivity analysis and habitat modelling 
(DSE, 2006).  
 
 
 
Figure 1.  Map of the study area and Tree25, tree presence / 
absence data set overlaid. 
 
 
1.3 
1.4 
Changing Scale Dependent factors 
Pixel size (or spatial resolution), and extent were manipulated 
and a smoothing filter was used to examine the differences in 
classification outcome. All the variables were manipulated to 
simulate a range of conditions and determine how patchiness 
and patch area changes. 
 
Pixel size is an important variable to investigate as using the 
default pixel size (i.e. sensor resolution) will result in a view of 
the world that relates to the sensor but may not necessarily 
reflect the needs of the question being asked (Fassnacht et al., 
2006). Pixel size is one of the most important elements 
determining how the other scaling factors will change. Pixel 
size controls the limit of the smallest feature which can be 
extracted from an image. For areas where vegetation is highly 
fragmented such as urban areas and where patches appear as 
small as median strips and backyards, Jensen and Cowen (1999) 
concluded that at least 0.5 to 10m spatial resolution is required. 
Resolution was changed to simulate differing sensor resolutions 
by degrading the original classified image.  
 
The second factor investigated was the use of a smoothing 
filter.  Pixel based landscape classification can result in a salt 
and pepper effect because spatial autocorrelation is not 
incorporated in the classification technique (Ivits and Koch, 
2002). A common practice used in remote sensing is smoothing 
the image by aggregating pixels to reduce classification error 
caused by this effect. The use of a smoothing filter will often 
result in the removal of edge complexity as well as increasing 
the minimum mappable unit (MMU). The MMU tends to be 
larger than the pixel size so that spatial and/or content 
information may be lost (Fassnacht et al., 2006). Larger MMUs 
may result in patches of interest being falsely combined within 
adjacent patches (Fassnacht et al., 2006). For this study the 
smoothing algorithm used was a majority filter. However, other 
filters can be used for the similar purposes such as mean or low 
pass filters.  
 
The final variable investigated was extent, which is the total 
physical area covered by the data source. As the extent 
increases so does the probability of sampling rare classes 
(Wiens, 1989). Furthermore, if grain size is fixed, 
fragmentation increases with increasing extent (Riitters et al., 
2000). The effect of extent was investigated by comparing 
between many landscape samples at different extents. 
 
Landscape metrics were used to analyse the effects on 
landcover classification of varying pixel size, applying the 
smoothing filter and changing extents. These metrics were 
chosen because they describe simple patch characteristics that 
users of the Tree25 data layer in Victoria utilise. Users of 
landcover maps need a practical understanding of how scale 
dependent factors affect classification. For example, in the 
region of Victoria it is important to measure correctly the area 
of native vegetation, as a permit is required to remove, destroy 
or modify native vegetation from a landholding greater than 0.4 
hectares (Cripps et al., 1999). Understanding the landscape 
metric, mean patch area is therefore critical when assessing the 
suitability of a particular landcover map for this purpose. 
Another example is to understand how the mean distance 
between patches changes by altering scale dependent factors. 
An understanding of distance between patches is useful for 
population modellers to calculate the probability of dispersal 
between populations based on this distance (e.g. RAMAS 
(Akcakaya, 2002)).  
 
Data 
The study area encompasses most of the state of Victoria which 
is approximately 227,416 km². The study area is dominated by 
broad acre cropping and crop pasture, vegetation and dryland 
pasture (Figure 2). There are a variety of abiotic and biotic 
processes occurring at multiple scales, resulting in a complex 
landscape composition and configuration. 
 
 
 
  
Figure 2.  Map of land use in the study area. 
 
Real landscapes were used instead of simulated landscapes such 
as those created by software such as Rule (Gardner, 1999) and 
SimMap (Saura and Mart´ýnez-Millán, 2000). Simulated 
landscapes are often used as replication at the landscape scale is 
often unfeasible. However Li et al. (2004) found that simulated 
landscape models had difficulties in capturing all the 
characteristics of real landscapes. 
 
Comparison of the effects of scale between landscapes as well 
as within landscapes is important as the relationship between 
spatial patterns and scale may not be linear. Each landscape will 
vary in respect to the different processes operating at various 
scales (Wu et al., 2002). For example, disturbance can operate 
at many different scales from housing development to large 
fires to trees falls. Simulating landscapes at different scales 
which concurrently reflect reality is likely to be very difficult. 
 
Numerous studies have been conducted on scaling effects but 
most of these studies have been confined to a few metrics or 
covered a narrow range of scales (Wu et al., 2002). This study 
is unusual in that the large study area allows for multiple 
replications at the landscape level of real landscapes. Studies 
which have a large sample size tend to use simulated landscapes 
(e.g. Li et al., 2005). 
 
2. METHOD 
2.1 
2.2 
2.2.1 
2.2.2 
2.2.3 
Data 
The original classified data were derived from SPOT 
panchromatic imagery with a 10 metre pixel size through a 
combination of digital classification and visual interpretation 
(DSE, 2006). No smoothing or filtering was applied at this layer 
creation stage. Tree cover is defined by the producers of the 
dataset as woody vegetation over 2 metres with crown cover 
greater than 10 percent. 
 
Post - Processing 
The original data were post-processesed to test the effect of 
resolution, extents and applying a smoothing filter on 
classification. All processing was performed using ArcGIS 9.1. 
The original image was first degraded to different pixel sizes. A 
filter was applied to the degraded images to smooth the image. 
Finally, each combination of filtered and degraded images were 
clipped to different extents. 
 
Pixel Size 
 
Pixel size was changed by degrading the original image through 
interpolation techniques based on a nearest neighbour 
assignment using the centre pixel of the original image. This 
technique is particularly suitable for post processing of discrete 
data as it will not change the values of the cells (ESRI, 2007).  
 
The original image was degraded from 10 metres to 100 metres 
at 10 metre increments. In this paper a decrease in resolution is 
analogous to an increase pixel size and vice versa. 
 
Smoothing filter 
A majority filter was used to smooth the image. The majority 
filter replaces cells in a raster based on the majority of their 
contiguous neighbouring cells. The majority filter process has 
two criteria to fulfil before a replacement occurs. The number 
of neighbouring cells of a similar value must be in a majority 
and these cells must be contiguous around the centre of the 
filter kernel (ESRI, 2007). A 3 x 3 kernel was used for this 
process. A majority filter is useful for post processing as it 
works with discrete data. 
 
Extents 
Subsets of this image were randomly clipped at 3000m, 
10000m, and 20000m replicating landscapes of different extents 
(Figure 3). The extents represent the distance of a single side of 
a square. The image was clipped so that each replicant did not 
overlap. 20 samples were taken for each combination of 
smoothed image, extents and resolution with a total sample size 
of 600. 
 
 
Figure 3. Clipped areas for western portion (50% of total area) 
of study area for extents 10000m and 20000m. 
 
The lower bounds of the sampling size was set at  3 kilometres 
as suggested by Forman and Godron (1986) although it is 
recognized that in principle landscape size is related to the scale 
at which an organism perceives their environment. The upper 
limit was based on the approximate area size of a small 
catchment at around 20 kilometres. Furthermore, as the extents 
 were increased beyond this amount, computer processing time 
increased markedly. 
 
2.3 Calculating Landscape Metrics 
Area was calculated based on pixels classified as either tree 
present or absent as identified by ArcGIS. Landscape metrics 
were then calculated using the fragstats package (McGarigal et 
al., 2002). Five landscape metrics were used: patch number, 
mean patch area, mean patch density, mean nearest neighbour 
distance, and mean perimeter to area ratio. 
 
3. RESULTS 
The study found that while the total area classified remained 
relatively constant when the image resolution changed there 
were large differences in the patchiness resulting from changing 
resolution and using a smoothing filter. As image spatial 
resolution decreased (i.e. pixel size increased) or a smoothing 
filter was applied the subtle levels of patchiness disappeared. 
Small patches either aggregated into larger patches or 
disappeared (Figure 4). Some measures of patchiness appeared 
to be non-random in relation to the spatial dependent factors, 
however this was not always the case. For most metrics used it 
was impossible to test the effects of changing the extents due to 
the low sample size and high variability. 
 
 
Figure 4. Example of processing. The original (raw) image at 
10 metre spatial resolution was degraded up to 100 
metres. For each degraded image a majority filter 
was used to smooth the image. 
 
It was found that the greater the extent the greater the mean 
number of patches, and the lower the spatial resolution the 
lesser number of patches (Figure 5). Additionally using the 
smoothing filter also resulted in a lesser number of patches. 
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Figure 5. Comparison of the effect of changing extents, spatial 
resolution and applying a smoothing filter on the 
number of patches.  
The relationship between mean patch area and the spatially 
dependent factors was the opposite to mean number of patches. 
Mean patch area increased as resolution decreased (Figure 6a). 
Furthermore, using a smoothing filter and decreasing the spatial 
resolution resulted in an increase in mean patch area. The mean 
number of patches changed, as a result of changing the spatial 
resolution, however the total area classified as tree or non-tree 
remained constant (Figure 6b). Due to the high standard error 
resulting from the small sample size (n = 20) a comparison 
between extents could not be conducted. The differences 
between the value of proportion classified as present or absent 
for different extents is the result of high variability in the 
landscape. However the filtered data tended to have a 
significantly (P <0.05) lower proportion of cells classified as 
present for both 3000m and 20000m extents.  
 
The relationship between patch area and resolution was not 
perfectly linear. Whilst the overall trend was to increase patch 
area with increasing resolution this was not always the case. 
Applying the majority filter caused a greater change at lower 
spatial resolutions. At 10m resolution there was a drop in the 
increase in mean patch area of 5% compared to 115% at 100m 
resolution for 3000m extents and at 10m resolution there was a 
drop in the mean patch area of 93% compared to 505% at 100m 
resolution for 30000m extents.  
 
The next metric analysed was patch density which is calculated 
as the number of patches in the landscape divided by the total 
landscape area. As the spatial resolution decreased (i.e. pixel 
size increased) the mean patch density decreased for all extents 
(Figure 7). This decrease was quite dramatic at 10m resolution 
there was a drop in the mean patch density from 18 to .44 at 
100m resolution for 3000m extents and from 33.6 to 1.4 for 
20000 extents.  The results of applying a filter had similar affect 
as decreasing resolution, that is, decreasing patch density. 
However applying the filter caused a greater change at lower 
resolutions. At 10m resolution there was a drop in the mean 
patch density from of 53% compared to 71% at 100m resolution 
for 3000 extents and at 10m resolution there was a drop in the 
mean patch density from of 53% compared to 78% at 100m 
resolution for 30000m extents. Figure 8 shows the relationship 
between patch density and resolution for single samples 
compared to figure 7 which shows the mean of all the samples. 
Figure 7 shows that as spatial resolution decreases patch density 
will predictably decrease. The relationship appears to fit an 
inverse exponential function. 
 
The next metric investigated isolation and proximity. This was 
done by calculating the nearest neighbouring value based on the 
shortest edge-to-edge distance for a patch of the same type. As 
spatial resolution increased the nearest neighbour distance 
generally increased (Figure 9). However, of all the measures of 
patchiness this appeared to be least predictable. The variability 
appeared to be inconsistent and unrelated to resolution. It was 
impossible to compare extents because of the high standard 
error. Figure 10 shows that there was no relationship between 
resolution and using a smoothing filter.  
 
 
 
 
   
a)
0
200
400
600
800
1000
10 20 30 40 50 60 70 80 90 100
Spatial Resolution (m)
M
ea
n 
Pa
tc
h 
A
re
a 
(h
a)
b)
0.2
0.3
0.4
0.5
10 20 30 40 50 60 70 80 90 100
Spatial Resolution (m)
Pr
op
or
tio
n 
Pr
es
en
t
3000
10000
20000
3000 Filter
10000 Filter
20000 Filter
Figure 6. Mean patch area in hectares. a) Raw data. b) Data smoothed with a majority filter. 
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Figure 7. Mean patch density: number of patches in the landscape, divided by total landscape area. a) Raw data. b) Data 
smoothed with a majority filter. 
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Figure 8. Mean patch density (number of patches in the landscape, divided by total landscape) for 10 samples at extents 3000 
and 20000 for data before and after smoothed with majority filter. This demonstrates a predictable decline in patch 
density as spatial resolution is degraded from 10 to 100 meters for each sample.
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Figure 10. Percentage change in mean nearest neighbour 
distance between patches after applying the majority 
filter to images from 10 m to 100m spatial 
resolutions. 
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Figure 9. Mean Euclidian Nearest Neighbour Distance in metres, Error bars indicate standard deviation. a) Raw data b) Data 
smoothed with a majority filter. 
The final metric considered was the perimeter to area ratio 
which describes the relationship between shape and area. As 
spatial resolution increased the ratio decreased (Figure 11). The 
mean perimeter to area ratio and spatial resolution is the inverse 
of patch area. By default, the mean perimeter to area ratio is 
strongly related to patch area. For example, if shape is held 
constant and patch size increased there will be a decrease in the 
ratio. Applying the smoothing filter resulted in a predictable 
decrease in the mean perimeter to area ratio.  
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Figure 11. Mean perimeter to area ratio. Error bars indicate standard deviation for a) Raw data b) Data smoothed with a 
majority filter. 
 4. DISCUSSION 
It can be seen that changes in scale dependent factors affect the 
patchiness and total area classified. Sometimes the relationships 
between factors are predictable, however, that is not always the 
case and not all metrics varied in the same way.  
 
The relationship between mean patch area and resolution is not 
constant and is likely to be the result of landscape patterns, 
whilst the relationship between resolution and applying the 
smoothing filter and mean patch density appeared predictable. 
Applying the smoothing filter at lower spatial resolutions had a 
greater effect on mean patch density and mean patch area lower 
resolutions. Furthermore, applying the smoothing filter resulted 
in a significant difference in the total area classified. 
 
Due to the small sample size and large variability for most 
metrics it was impossible to compare the effects of changing the 
study area extents. We would expect greater variability in 
smaller extents than larger ones and that a larger extent will 
have a greater probability of containing all the variability within 
a landscape. Also, if the sample size was increased the mean of 
these samples should reflect the mean of the landscape. 
However, increasing the sample size or the sample area could 
be problematic as the area of real landscapes is finite. 
 
5. CONCLUSION 
The measurement of landscape pattern from landcover maps has 
become a common practice in various fields such as landscape 
ecology. However many people are unaware of the scale 
dependency of this phenomena. This study demonstrates that 
characterization of landscape patterns by landcover maps are 
the product of the inter-relationship of a number of scale 
dependent factors such as the spatial resolution of the imagery, 
applying a smoothing filter and study extents used. Landcover 
maps will vary in the extent and patchiness of classified areas 
based on this inter-relationship.  
 
Landscape pattern will change as result of the interaction of the 
scale dependent factors. For example, the effect of using a 
majority filter at low spatial resolutions will not be the same 
when used at high resolutions. Techniques that are used at one 
resolution are not necessarily transferable to different 
resolutions and may result in a very different classification. 
This has wide ranging consequences for users transferring 
techniques used on medium resolution imagery from sensors 
such as Landsat to high resolution imagery from sensors such as 
IKONOS and Quickbird. 
 
This study was the first step in the development of a framework 
to quantify the magnitude of the effect of different spatial 
dependent factors on the landcover classification. It 
demonstrated that there is considerable interaction between the 
scale dependent factors, indicating that the investigation of 
spatial dependent factors need to be done simultaneously.  
 
Future research is needed to assess the effect of these spatially 
dependent factors on accuracy as well as patchiness and area. 
Furthermore as the landscape patterns found in the study area 
may be site specific it is difficult to generalise to other areas. 
Thus, there is a need to perform the same spatial analysis for a 
wide range or resolutions using different smoothing filters and 
extents in multiple real landscapes settings to create a 
significant volume of data. This will allow for wide ranging 
generalisations to be made which will be the basis for the 
development of guidelines for map users. 
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